ABSTRACT Non-contact life signal extraction could be used in natural disaster rescue, health care and other fields. As the energy of respiration and heartbeat signals is extremely weak in reality, they are usually submerged in noise and clutter. As a result, the traditional life signal extraction algorithms always fail at low signal-to-noise ratio (SNR) conditions. This paper proposes a novel life signal extraction and reconstruction algorithm based on MTI-Autocorrelation-EEMD (MAE) so as to enhance the accuracy and stability of life signal detection at low SNR condition. Taking advantage of its strong robustness with regard to noise, this technique utilizes a moving target indicator (MTI) algorithm to eliminate the interference of fixed object clutter on the echo signal after pulse compression. Combined with the autocorrelation algorithm with stable detection performance, the precise location of the human body micro-motion signal can be determined. Through the integration of an ensemble empirical mode decomposition (EEMD) algorithm, the phase of human body micro-motion signal is adaptively decomposed, overcoming the problem of mode mixing so that the signals of respiration and heartbeat can be reconstructed in the time domain according to the mode judgement criteria. Extensive real data experiments illustrate the effectiveness and robustness of the proposed algorithm under low SNR.
I. INTRODUCTION
The extraction of life signal is important in natural disaster rescue, health care and other application fields. Traditional methods for obtaining life signal rely on contact, with the need to physically connect sensors to the patient's body. Applying those methods to infants and victims of severe burns or infectious diseases proves difficult [1] . However, non-contact life signal extraction technique can effectively overcome this problem [2] - [8] . The respiration and heartbeat lead to the movement of chest wall, so which can be detected via the electromagnetism wave transmitted by radar [9] , [10] . According to the frequency and phase of echo signal, the life signal related to heart and lung can be extracted through certain kinds of signal processing methods. Nevertheless, due
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to ambient clutter and noise, the respiration and heartbeat signals may not be correctly detected. Therefore, an effective signal processing method must be adopted to accurately extract the respiration and heartbeat signals.
A great number of studies have been carried out to realize the detection of life signal. The existing non-contact extraction algorithms could be roughly classified into the following categories. By means of band-pass filtering to process the phase of echo signal, respiration signal and heartbeat signal could be separated [11] , [12] . But, the original signal will be partially removed due to the band-pass filter, damaging some components of the signal in frequency domain. Hence, the extraction accuracy of respiration and heartbeat signals is insufficient. In the references [13] , [14] , based on wavelet transform theory, the detected signals are analyzed to extract the heartbeat signal from the mixed signals. However, the selection of wavelet basis function is challenging and the function cannot be changed along with the input signal, which leads to poor adaptive characteristic. The reference [15] presents a non-contact detection method for life signal based on the principal component analysis (PCA) and empirical mode decomposition (EMD). This method is able to separate heartbeat signal from respiration signal in high SNR condition. However, the conventional statistic PCA method based on eigenvalue decomposition has a terrible problem that the robustness against noise is inadequate [16] , [17] . As a result, the calculation accuracy of PCA is greatly decreased under low SNR. Furthermore, EMD usually suffers from the mode mixing problem, which destroys the detection result too [18] , [19] .
With respect to the above problems, this paper presents a novel algorithm for life signal extraction and reconstruction based on the MTI-Autocorrelation-EEMD (MAE), where the MTI algorithm is utilized to eliminate the interference from fixed object clutters. Compared with PCA method in [15] , MTI directly performs cancel operation to remove the fixed object clutter without eigenvalue decomposition [20] . Thus, the anti-noise performance is improved greatly. Moreover, according to the difference between signal and noise in the distribution of autocorrelation function, the autocorrelation detection algorithm is used to accurately locate the range bin of the human body micro-motion signal [21] , so as to precisely extract human life signal. Based on the obtained results, the ensemble empirical mode decomposition (EEMD) algorithm is carried out to analyze life signal [22] - [24] , and the signal is adaptively decomposed into a number of innate mode functions (IMFs). Compared with EMD algorithm [25] , it has higher resolution and overcomes the mode mixing problem. The different IMFs reflect the evolutionary character of signal in different time scale. The mode judgment criteria is adopted to process IMF components so as to extract and reconstruct the respiration and heartbeat signals in time domain. Along with the real data, extensive experimental results illustrate the feasibility and robustness of the proposed algorithm under low SNR.
The organization of this paper is as follows. Section 2 introduces the signal model of respiration and heartbeat. In section 3, the procedures of the extraction and reconstruction algorithms are described in detail. Section 4 provides the experimental results to verify the effectiveness of the proposed algorithm. Finally, section 5 draws a brief conclusion.
II. SIGNAL MODEL
The echo signal received by life detection radar contains the life signal and ambient clutter. According to the characteristics of life signal, sorting out the respiration and heartbeat signals from the complicated echo signals is the main task of life detection. The life signal detection is shown in Fig. 1 . R 0 represents the average distance between the radar and the human chest. The micro-motion of chest wall are generated by respiration and heartbeat, and the vibrations can be approximated by a few sets of simple harmonic oscillation. x (t m ) is the displacement caused by the micro-motion of chest wall, and thus, it can be expressed by a few sets of simple harmonic oscillation as a function of time. Then, the instantaneous distance between the radar and the chest wall can be expressed as (1) [26] :
where t m refers to slow time; A r and A hb denote the amplitudes of respiration and heartbeat, respectively; f r and f hb correspond to the frequencies of respiration and heartbeat, respectively.
Assume that radar transmits linear frequency modulated (LFM) signal, after range pulse compression, the received signal can be given by (2) [27] :
wheret represents fast time; A indicates the amplitude of echo signal; B, λ and c denote the signal band width, wavelength and light velocity, respectively. In general, the amplitudes of respiration and heartbeat are much smaller than the range resolution, and thus the migration though resolution cell (MTRC) can be neglected. With ignoring the constant term, according to (2) , the relationship between chest wall displacement and echo signal phase could be expressed as (3) [14] :
where, S d (t m ) represents the extracted the human body micro-motion signal; angle (·) refers to extracting complex phase operation; unwrap (·) denotes phase unwrapping operation. Via extracting the human body micro-motion signal and unwrapping its phase, the time-varying phase proportioned to the time-varying displacement of chest wall can be obtained. As a result, the information corresponding to respiration and heartbeat motion can be detected.
III. LIFE SIGNAL DETECTION ALGORITHM A. EXTRACTION OF LIFE SIGNAL
In reality, the signal obtained by life detection radar contain not only the weak human life signal (respiration and heartbeat signals) but also the various noise and interference signal, such as the strong interference signal reflected from fixed VOLUME 7, 2019 objects, ambient interference signal and system noise. Due to body micro-motion, human life signal includes Doppler shifts that fixed object clutter does not. Thus, taking advantage of this characteristic, the MTI algorithm is adopted to remove the fixed object clutter from the original echo signal in this paper. Since the direct cancellation operation in MTI is carried out to eliminate the fixed object clutter, the influence of noise on MTI is small, leading to strong robustness [16] . In MTI, the system function of the canceler is as (4):
where, σ i is the filter coefficient; U is the canceller order. Although increasing U can obtain a better clutter restriction result, it would produce severe distortion on target signal. Empirically, U should not be too large. In this paper, we choose U is equal to 3. After n th range bin echo signal is processed by MTI system, the discrete output is as (5)
where, ( * ) denotes convolution operation; S d (n, m) is the discrete result of S d t, t m ; n is the discrete fast time sampling point, n = 1, 2, · · · N ; N is the total number of discrete fast time; m is the discrete slow time sampling point, m = 1, 2, · · · M ; M is the total number of discrete slow time; h (m) is the inverse Z transformation of H (Z ). Through the above operation, the fixed object clutter can be eliminated completely, only the moving target signal remains. As a result, the fixed object clutter is restrained and the human body micro-motion signal is enhanced. After the fixed object clutter being removed, the autocorrelation detection algorithm is used to achieve high-precision life signal detection under the background of noise in this paper. It is well known that the values of random noise at every time point are weakly correlated while those of the human body micro-motion signal are strongly correlated. Moreover, signal and noise are independent of each other and the distribution of the autocorrelation function are obvious difference between them. Hence, after MTI processing, the range bin of the human body micro-motion signal can be accurately located by performing the autocorrelation detection algorithm on each range bin signal. The output signal S (n, m) after MTI processing can be written as (6):
where, S s (n, m) is pure signal, and S u (n, m) is noise. The autocorrelation function of S (n, m) in slow time dimension can be calculated by (7):
where, h is time-shift variable,
R us (n, h) and R su (n, h) are cross-correlation functions of S s (n, m) and S u (n, m), respectively, which can be neglected; R u (n, h) is the auto-correlation function of noise, and R s (n, h) is the auto-correlation function of signal. Define the sum and the maximum value of autocorrelation result of the n th range bin as T all (n) and T max (n) respectively:
Based on this, the range bin of the human body micro-motion signal can be determined by (10):
where, γ is the detection threshold. For the range bin which only contains noise, there are
However, with respect to the range bin for the human body micro-motion signal, there are
From the above analysis, due to the difference between signal and noise in the distribution of the autocorrelation function, the signal can be detected through the algorithm under low SNR by using the test statistic variable that is independent of noise power [21] . Moreover, the robustness of the proposed detection algorithm can be proven in the following experiments. Empirically, the threshold in this experiment is set as γ = 1.2. Assume the range bin of the human body micro-motion signal determined by the autocorrelation detection algorithm is the K th range bin. A band-pass filter ranging from 0.05Hz to 2.8Hz, the range of the human life signal, is used to eliminate noise outside that range in the echo signal of the K th row. Then, the human body micro-motion signal S d (K , m) can be obtained [10] . The time-varying micro-motion displacement is linearly proportional to the echo signal phase, thus the respiration and heartbeat signals can be detected from that. Therefore, the method for reconstructing the respiration and heartbeat signals according to the echo signal phase will be discussed in detail in the next section.
B. RECONSTRUCTION OF LIFE SIGNAL
The key feature of signal obtained by life detection radar, compared to those detected by traditional medical sensors, is the mix of respiration and heartbeat signals. Moreover, the life signal is polluted by strong random interference. Therefore, the main difficulty in life signal reconstruction lies in the separation of signals at different frequency scales.
The EMD algorithm, aiming at non-linear and unstable signal, decomposes signal into piecewise IMFs at different characteristic scales adaptively, and each IMF embodies the oscillation characteristic of signal at different frequency scales. However, the drawback of EMD is mode mixing phenomena. As a result, the decomposition accuracy of EMD is insufficient. In order to solve the mode mixing problem in EMD, the EEMD method is proposed [22] - [24] . EEMD is a noise-based analysis method. In the method, white noise is deliberately mixed with the original signal in each decomposition. These mixed signals are then decomposed several times by EMD. The resulting IMFs are then averaged to obtain the final IMF. In this paper, the amplitude of the white noise is one fifth of the standard deviation of the original signal. The decomposition times of EMD are G = 50. The detailed steps of EEMD are as follows:
(1)Initialize g = 0; (2)Add the Gauss white noise n g (m) into the micro-motion signal S d (K , m) , i.e. (11):
where, s g (m) denotes the signal after adding white noise for the g th iteration, and n g (m) represents the g th added white noise; (3) Perform EMD to s g (m) to obtain all IMF components; (4) Let g = g + 1, and then repeat steps (2) and (3) until
(5) Average the corresponding IMF components after the above G times EMD decomposition. The new IMF components with respect to EEMD decomposition can be obtained as (12) :
where, IM F j indicates the j th IMF component during the EEMD decomposition, and IM F jg corresponds to the j th IMF component during the g th time EMD decomposition. j = 1, 2, · · · , J , J is the total number of IMF components in EEMD. Thus, the final result of EEMD decomposition can be expressed as (13):
where, r n (m) is remainder sequence. In EEMD, the added white noise would populate the whole time-frequency space uniformly in each EMD decomposition, and the signal components on different scales are automatically projected onto the reference scales established by white noise. Thus, the mode mixing is reduced. Since the white noise is random in separate trails, it will be eliminated in the ensemble mean of enough trails.
After the micro-motion signal is decomposed by EEMD, J IMF components can be obtained. The components with lower orders are the high frequency portion, and the components with higher orders are the low frequency portion. Empirically, the human respiration frequency ranges from 0.1Hz to 0.5Hz, and the heartbeat frequency ranges from 0.8Hz to 2.8Hz. In frequency domain, the percentage of respiration and heartbeat energy is calculated for each component according to (14) and (15):
where, E (j) is the frequency domain energy of IM F j ; E r (j) and E h (j) are the energy in respiration and heartbeat bands in IM F j , respectively; σ r and σ h are the thresholds for judging the energy proportion of the respiration and heartbeat signals. Noticed, if the value of σ r and σ h are too large, the IMF components reflecting the spectrum structure of life signal will be discarded; if the value of σ r and σ h are too small, the useless IMF components will be introduced. Both cases damage the signal reconstruction [28] , [29] . Obviously, for different experimental parameters and scenarios, different σ r and σ h should be selected to obtain better experimental results. It should be pointed out that σ r and σ h are empirically selected as 0.5 through extensive trains in the following experiments. By summing up the IMF components which meet the requirements, the reconstructed respiration signal S r (m) and the reconstructed heartbeat signal S h (m) can be obtained as (16) and (17) In order to describe the proposed algorithm clearly, the detailed flow chart is shown in Fig. 2 .
IV. EXPERIMENTS AND ANALYSES
The scene of this experiment is shown in Fig 3. A healthy male volunteer sits on a 0.4m high stool and breathes normally, facing the radar antenna head-on. Meanwhile, the heartbeat information extracted by a finger clip heart rate monitor is used as the reference heartbeat frequency, i.e. f h = 1.40Hz. The reference respiration frequency is f r = 0.26Hz. The distance between the radar antenna and the human chest wall is 1.2m. Moreover, a wall is behind the stool, and the distance between the radar antenna and the wall is 1.9m. The main radar parameters are shown in Tab. 1. The echo signal after range pulse compression under SNR=10dB is shown in Fig. 4 (a) . The signal in yellow box is the echo signal of the wall. It can be seen that the micromotion signal of human chest exists against a background of the clutter and noise. With respect to this problem, MTI technique is adopted to eliminate the fixed object clutter and the zero-frequency clutter interference. The experimental result is shown in Fig. 4(b) . The interference signal from the wall is removed. Then the signal of each range bin is processed by autocorrelation detection algorithm to locate the range bin where the human body micro-motion signal exists. Fig. 4 (c) is the result of autocorrelation processing. According to (10) , it can be concluded that the 13th row of the echo matrix contains the most of the micro-motion data. Therefore, the signal of 13th row is extracted as the micro-motion signal. As for the micro-motion signal processed by band-pass filter, the result after phase unwrapping is shown in Fig. 5 . The influence of SNR on the proposed autocorrelation detection algorithm is given in Tab. 2. In this table, a value will be obtained by performing autocorrelation on the nth range bin, and the value over the threshold is denoted as T all (n) /T max (n). If T all (n) /T max (n) of all range bins are less than the threshold, the maximum value of T all (n) /T max (n) is listed in the table. Obviously in Tab. 2, the range bin of the human body micro-motion signal can be correctly detected when SNR>17dB, thus the robustness of the proposed autocorrelation detection algorithm against noise can be illustrated. For comparison, the experimental results of the proposed algorithm and the method proposed in [15] under different SNR (10dB, 0dB and -10dB) are presented in Fig. 6 , respectively. It can be seen from Fig. 6 that both algorithms can accurately locate the human body micro-motion signal under high SNR (SNR=10dB). However, the parameter drift occurs in PCA algorithm under low SNR due to strong noise, submerging the human body micro-motion signal. As a result, the position of the micro-motion signal cannot be obtained correctly, hindering the follow-up operation. However, MTI can remove the clutter of fixed objects by subtracting the original adjacent echo signal, and the autocorrelation detection algorithm completes the signal detection with a statistic variable independent of noise power. Both methods have strong anti-noise performance. Seen from Figs. 6(g)-(l) we can know that the proposed algorithm can still correctly obtain the position of the micro-motion signal under low SNR. Therefore, the strong robustness and effectiveness of the proposed algorithm can be proven.
The decomposition of the micro-motion signal phase corresponding to EMD and EEMD are shown in Figs. 7 (a) and (b) , respectively. It shows that the decomposition in Fig. 7(a) is rough and the mode mixing phenomenon of each IMF component appears to some extent. Nevertheless, the decomposition in Fig. 7(b) is more meticulous and the mode mixing is removed. The energy percentages of heartbeat and respiration frequency band in each IMF component obtained by the two algorithms are shown in Fig. 8 respectively, selecting 0.5 as the threshold.
From Fig. 8(a) , it can be found that the energy percentage of heartbeat frequency band in the IMF1 component decomposed by EMD is beyond the threshold. Thus, IMF1 is used to reconstruct the heartbeat signal. The result is shown in Fig. 9(b) . In IMF2, IMF3 and IMF4, the energy percentage of the respiration frequency band is beyond the threshold, therefore these three IMF components are used to reconstruct the respiration signal. The results are shown in Fig. 9(a) . Then, the reconstructed respiration and heartbeat signals are processed by Fourier transform to obtain the estimated frequencies of heartbeat and respiration as shown in Figs. 9(c) and (d).
As for Fig. 8(b) , the energy percentage of the heartbeat frequency band in IMF4 component decomposed by EEMD is beyond the threshold, so IMF4 is used to reconstruct the heartbeat signal. The result is shown in Fig. 10(b) . In IMF6 and IMF7, respectively the energy percentage of the respiration frequency band is beyond the threshold, thus these two IMF components are used to reconstruct the respiration signal as shown in Fig. 10(a) . Then, the reconstructed respiration and heartbeat signals are processed by Fourier transform to obtain the estimated frequencies of heartbeat and respiration as shown in Figs obtained by EEMD basically agree with the reference values, while those produced by EMD demonstrate large errors. Therefore, the high accuracy characteristic of the proposed algorithm can be illustrated.
In order to verify the practicability of the proposed algorithm, the experiments under 3 different respiration cases including fast respiration, normal respiration and slow respiration are performed, compared with the experimental results obtained by the method in [15] . The estimated respiration and heartbeat parameters are shown in Tab. 3.
From Tab. 3, it is shown that the values estimated obtained by the proposed algorithm are extremely close to the reference value in each case. However, the results obtained by the method in [15] are far from the reference values. Hence, it indicates that the proposed algorithm has better stability and practicability. In order to investigate the influence of noise on the proposed algorithm and the method in [15] , the experiments under SNR ranging from -15dB to 20dB are performed. The estimation error rate is defined by (18) :
where, a andā represent the real and estimated values of target parameters respectively. Forty sets of echo data are collected at each SNR, and then the respiration and heartbeat frequencies of each group of echo data are estimated, and the errors are calculated. Then, the average value of the errors is obtained. The corresponding results are shown in Fig. 11 . As can be seen from Fig. 11 , the poor robustness of PCA algorithm and the mode mixing problem of EMD algorithm result in the failure of method in [15] under low SNR, while the proposed algorithm can limit the error within 30% in any case. Thus, it can be illustrated that the proposed algorithm has strong robustness.
V. CONCLUSION
In this paper, we concentrate on the non-contact life signal extraction and reconstruction. This technique is important to disaster rescue and special patient monitoring. Therefore, a novel life signal detection algorithm based on MAE is proposed. MTI and auto-correlation detection algorithms are adopted to eliminate the interference of fixed object clutter and noise around the human life signal and enable to realize accurate location. In addition, taking advantage of the characteristic of high time-frequency resolution and adaptive decomposition of EEMD algorithm, the respiration and heartbeat signals can be extracted and reconstructed precisely. Extensive real data experiments illustrate the effectiveness of the proposed algorithm. It should be noted that penetration capability of radar is related to wavelength, and millimeterwave radar with limited penetration capability is adopted to acquire echo signal in our experiment. Therefore, further works to improve the performance of non-contact life signal extraction and reconstruction under more complex environment are underway.
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